To solve the problems caused by usage of fossil fuels, it is important to make a transition to renewable sources of energy. Installing photovoltaic (PV) systems is one of the most popular techniques in renewable energy production. And as PV penetration is increasing, it becomes more critical to measure how the performance of PVs is changing over time. In this work, the degradation rates of installed real-world PVs at a house in the Netherlands are evaluated. They are measured by applying Seasonal and Trend decomposition using Loess (STL) technique on the time series of the performance and extracting the trend of changes during years. Also the degradation rates of PVs that are located in the same position and have the same orientation are compared. Results show that the average of degradation rates of studied PVs is 0.923%/year. On the other hand, PV systems that are closer to the growing trees exhibit higher degradation rates due to the increasing in the length of shadow periods.
Introduction
Radiation from the sun is the most abundant source of energy on the earth. The amount of solar energy reaching the earth per year is about ten thousand times larger than the primary energy use of the world in 2007 [1] . The appearance of photovoltaic (PV) systems makes it possible to exploit this valuable resource and transform it to electricity. These systems use sunlight to generate electrical power, without any unwanted side effect. During last decades, PV systems have been advancing both in technical and economical respects. As a result, this technology became more and more popular and the installation capacity of various types of PV has been expanding worldwide.
Understanding the performance changes in PVs under real conditions is a key requirement for their successful characterization under varying conditions. There are many factors that affect the operation and efficiency of a PV system, such as its technology and ambient conditions. Ageing or degradation of performance is a factor that has an important effect on the long-term production of PV, although sometimes is not seen as an affecting factor [2] . Measuring the degradation rate help us to predict the power delivery over time. The degradation rate (RD) of a PV module or system is a common characteristic and defined as the rate of performance reduction over time and is denoted as a positive quantity, commonly expressed in %/year [3] .
All different parts of a PV system (PV Module, Environment, Charge Controller, Batteries and Inverter) have influence on the performance of the PV system, as well as contributes to the performance degradation along the time. According to [4] inverters have a fairly good performance. They have high conversion efficiency and power factor wide operating range. They only have substantial influence in performance reduction when Inverters are underestimated in relation to the Solar Panels generation. Similar to the Inverter, the Charge Controller does not have much influence in the performance and degradation. Considering these aspects, we can focus on PV panels and Batteries as the most important elements to analyses degradation of PV systems. In this work, we evaluate the degradation rate of the entire system on field environment.
Analysis of long-term monitoring data, gives insight in the performance of PV modules over time. In this paper, the effect of dynamics of the environment (growing trees) on the degradation rate of PV systems is also studied. The degradation rates of the performance of 23 Monocrystalline PV systems are analysed based on data of 44 months. The real data of this work comes from modules installed in a house in the Netherlands.
In the remainder of this paper, we discuss the background in Section 7.2 and explain what is the degradation rate for a PV system. In Section 7.3, we explain our dataset. Section 7.4 describes the different ways to measure the degradation rate. Section 7.5 shows the results of degradation calculation on the data. Finally, the paper is concluded in Section 7.6.
Background
Methods used for calculating RD vary widely with performance metrics and also the test conditions. Indoor testing under standard test conditions (STC) using solar simulator is less often since it is time consuming and expensive, especially for large systems. The easier approach, which is also used in this work, is the evaluation of the performance of PV systems in the field. Outdoor field testing is an important part of determining PV field performance since it is a non-trivial task to correlate indoor testing to outdoor results, moreover, it is the typical operating environment of PV modules [5] .
In order to analyse the degradation, many works focus on PV modules, ignoring other elements of a PV system. A review of these works can be found in [6] . Although the PV modules are the most important and expensive part of PV systems, in practice the final performance depends on the whole PV system, including its position, the inverter and other equipment. That is exactly what this work does collecting the final production of a PV system and analyzing its degradation along years.
The performance of PV modules in the field (real world situation) is usually different than what expected from laboratory measurements. In [7] it is mentioned that for the Mono-Si PVs, system degradation is significantly higher than module degradation. Some extra performance loss occurs when looking at system level (in comparison to module level) that can be caused by improper installation. Improper or suboptimal installation includes unnecessary shading, suboptimal panel orientation and undersized inverters. In [7] the median of the degradation rate of Monocrystalline systems is reported as 0.9%/year; while it is 0.47%/year for the Modules.
A common approach to calculating R D is to analyse the trend of changes of performance ratio (PR) over time. PR shows the overall losses of the system rated output, defined by Photovoltaic Power Systems Program of the International Energy Agency [8] . And it is obtained by dividing PV system yield (Y f ) by the reference yield (Y r ):
Where PV system yield (Y f ) represents the daily energy production of the entire PV system (E), divided by its power capacity (P 0 ):
The reference yield (Y r ) is obtained by dividing the amount of daily irradiation over PV module (H), by the irradiation corresponding to STC (G). In other words, H is the daily average of the environment irradiation received by the area of the PV, while G is a fixed the amount of irradiation received per m 2 and defined in laboratory. Therefore, Y r is considered a reference to standardise the irradiation variation on measured days.
Since both P 0 and G are constant terms for one module over time, they do not have any effect on R D . Therefore, we can ignore these two constant, and simplify the definition of PR by removing them.
On the other hand, we can replace the daily irradiation over PV module (H), by global solar radiation (H') of the same area, which is defined as the total amount of solar energy received by the earth (in one square meter) and usually its data are freely available via weather stations. It is possible to do this replacement because the ratio between H and H' is dependent on the position of the sun and the orientation of PV, while the second one is not changing for the PVs studied in this work. Although this ratio is changing day by day (because of changes in the earth's orbit), they have a yearly periodic pattern. It means that this ratio in a day is exactly the same for the same day in the next years. Since different trend estimation methods (section 4) can remove the effect of periodic changes in measuring the degradation rate, it would be possible to replace H by H':
It is important to mention that the rate of changes in PR s is exactly the same as the rate of changes in PR.
Dataset
The considered real world situation and collected data are described in this section. This research is based on logged irradiation and generation measurement data to determine performance and degradation of PV systems.
The used dataset contains the daily production of 23 PV modules from May 2013 to January 2017. These PVs are placed in a house, in an environment with many high trees, near to the Alkmaar, The Netherlands 1 (about 52.6 latitude, 4.7 longitude). Based on the location and the orientation of these panels, we can categorise them into 6 groups, explained in Table 7 .1: As indicated, all the considered locations suffer from periods of shadow. This dimension of imperfectness, inherent to real world sites, provides good possibilities to investigate in a comparative manner, how this effect the degradation. In fact, the calculated degradation rate in this paper is not just a property of the PV module, but also its location and its orientation. It means that the performance of a PV system can decrease during the time, not only because of it physical and chemical changes, but also because of the changes in the environment around their locations, for example, the trees become longer and make more shadows.
For these locations, the daily production of each panel is measured by using the Aurora CDD central monitoring device. Data is available from June 2013 to January 2017.
In addition to the production of PVs, we get the data of daily global radiation from the nearest weather station to this site (Wijk aan Zee). This data is freely available on the website of The Royal Netherlands Meteorological Institute (KNMI) 2 .
To be able to compare the performance at the same time in different periods, we have to minimise the effect of other factors (temperature and humidity). However, we know that there is a big difference for this factors in the same days of different years. To handle this problem and minimise this difference, we decided to aggregate daily data to monthly data (averaging for each month). This averaging also reduces the noise and the effect of outliers. The following graphs show (daily and monthly) generation and the performance of one panel.
As can be seen in Fig 7. 1.a, the generation of PV has a yearly seasonality, a very low generation during winter and a peak during summer. And also there are many noise and outliers in this figure, which are due to daily changes in the weather (for example cloudy or rainy days) . Fig 7. 1.b shows the average of generation for one day in different months. The yearly periods are visible in this graph as well, which is due to the changes in the global radiation and availability of sun. Fig 7. 1.c shows the daily performance of the same PV. As it can be seen, again there are many noise and outliers. To remove these noises and the effect of outliers, we decided to use the monthly average, the result is shown in Fig 7. 2.d. Again this graph has a yearly periodic pattern.
As explained in the last section, the performance is defined as the ratio of generation to the radiation. Assuming the linear relation between performance and radiation, the periodic pattern in Fig 7. 1.d cannot be explained by the yearly changes in global radiation, but by other ambient factors that affect the performance of PV and have yearly periodical changes. As an example, ambient temperature has an effect on the performance, the higher the temperature the lower the performance. Another example can be the length of shadow periods. The length of shadow in the same month of different years is almost the same, with a little change for growing trees.
In summary, to find the long-term trend in the performance of a PV system (like in Fig  7.1.d) , we have to get rid of yearly patterns and measure the yearly degradation. Different methods are suggested to this, which are explained in the next section.
Methodology
As it can be seen in Fig 7. 1.d., the performance of a PV system has a periodical variation every year. This can be explained due to periodical changes in the ambient conditions (e.g. temperature). However, it is known that this graph has a downward trend in long-term. And a challenge is to find a robust way to estimate the slope of this trend, which is the definition of degradation rate. Through a literature review in [3] , four major statistical analysis methods are recognised for calculating degradation rate. In this section, these four analysis, and their advantages and drawbacks are explained briefly.
Linear Regression (LR)
The main idea is to fit a line (y = αt + β ) to the PV performance time series. Where α shows the slope of the trend and β is the y-intercept. In general, different optimisation techniques to minimise the sum of the square of residuals are used to find the best values for these parameters. Due to its simplicity, this method is the most commonly used, like in [9] and [10] . However, it is too sensitive to outliers and is sensitive to the seasonal variations. Moreover, this method can work only with complete seasonal periods of a time series. As a result, it is not a suitable method for a data with the length of 3 years and a couple of months. 
Classical Seasonal Decomposition (CSD)
This method is originated in 1920. It has a simple procedure and forms the basis for most of other time series decomposition techniques. It is based on the application of a centred moving average and commutating the seasonal components by averaging the extracted seasonal component; and it is assumed that the seasonal component is constant from year to year.
An advantageous of this method (like other trend extracting methods) is reducing the degradation rate uncertainty by removing noise and seasonal effects from the time series. While this method is still widely used (e.g. [10] ), it is not recommended due to some problems of this technique, described in [11] . As an example of these problems, since the size of moving window should be the same as one seasonality, the prediction of the trend is unavailable for the first few and last few observations. For instance, in the case of performance of PVs, which has a yearly seasonality, the trend would not be available for the first and the last 6 months. Red line shows the changes in the performance during time. eventhough a periodic pattern is visible for each year, the graph has a downward trend which is because of degradation. Green line shows the result of LR method, which fits a line to the data in a way to leads to the minimum SSR. Blue line shows the result of CSD; one problem of this technique is obvious here that trend is not available for the first few and last few observations
Autoregressive Integrated Moving Average (ARIMA)
According to the literature [12] , it is the most advanced model method. Originally developed by the US Bureau of the Census. ARIMA is based on classical decomposition but has many extra steps and features to overcome the drawbacks of CSD. For example, this method is robust to outliers and the trend is available for all observations, including the beginning and end points. Unlike CSD, the seasonal component is allowed to vary slowly over time. Even though this method is mainly used for forecasting, it is also used to calculate the degradation rate of PVs, e.g. [13] . A complete discussion of this model is available in [14] .
Seasonal and Trend decomposition using Loess (STL)
STL is a very versatile and robust method for decomposition of time series [11] , which is developed by Cleveland et al. in 1990 [15] . In general, STL divides the time series to three components: Seasonal, Trend and reminder. In the specific version used in this work (additive STL) the sum of the value of these three components at any time is equal to the value of the original time series. STL decomposition is used not only for understanding the time series, but also for forecasting. Figure 7 .3 shows the result of STL decomposition on an example time series: Figure 7 .3: The result of additive STL decomposition with periodic seasonality. The first graph shows the time series of the performance of one PV system during the time, which is decomposed to three components (Seasonal, trend and reminder), by using STL technique. The sum of three components is equal to the original time series.
As it can be seen in this figure, the time series of the performance of one PV (first graph) is decomposed to three different components: seasonal, trend, and reminder. The sum of these three components is exactly the same as the original time series, while each component has some specific properties:
• Seasonal component shows the seasonality in the origin time series. In the used version, the seasonal component is periodic. The average of the value of this component should be zero.
• Trend shows the trend of changes beyond the seasonality.
• Reminder shows the changes which are not explainable by seasonal and trend components. This component should be a stationary time series. A stationary time series is one whose properties do not depend on the time at which the series is observed. So time series with trends, or with seasonality, are not stationary. In general, a stationary time series will have no perodic patterns in the long-term.
The values of this component should have the properties of white noise: the zero average, constant variance, uncorrelated values [11] .
STL has some advantageous in comparison to the other methods what make us motivated to use this method in this work.
• STL can handle any type of seasonality, unlike ARIMA.
• User can change the smoothness of trend by changing one parameter
• The seasonal component is allowed to change slowly over time, and user can control the possible rate of this changes.
• Outliers do not affect the estimates of trend and seasonal components, but the reminder component.
To apply STL decomposition on the time series of performances of the PVs, we used the FPP package for R language [16] .
Results
In this chapter, the results of analysis for each PVs are presented. The next figure shows the histogram of the degradation rates of all 23 panels. The average of calculated degradation rates is 0.923% per year and the median is 0.94% per year, which are close to 0.9%/year, the value reported by a meta-analysis done by Jordan et al [13] . To analyse the effect of the position of modules on their degradation rate, the next graph shows the degradation rate of PV systems separated by groups. Points with the same symbol represent PVs located in the same place.
In fact, we should not compare modules in different situations considering orientation of PVs and their positions. But, for the modules in the same place and orientation, we find out that for all positions, the nearest module to the shadowing trees has the worst (highest) system degradation rate, and the further modules to the trees have lower system degradation rates. Therefore, we can say that this difference is not due to the aging of PV or other devices, and be hopeful that pruning of trees will have a positive effect on the performance of the systems, specially for closer ones.
Conclusion
In this paper, degradation rate analysis has been performed for 23 PV systems installed in a house in the Netherlands, based on 44 months data. The production data were gotten from monitoring system of the house, and global irradiation data comes from the nearest weather station.
For these PV systems, first daily and monthly performance ratios (PRs) were calculated. To calculate the degradation ratio we used STL decomposition technique, which decomposes the time series in three time series: periodic seasonality, trend and reminders. The second one shows the trend of changes in the performance during the time. The results of our analysis Figure 7 .5: Degradation rates of modules. The degradation rates of panels in the same position are showed by the same symbol and color. The interesting pattern found is that for all positions, degradation rates are sorted based on the distance of PV to the growing trees. In each position, the nearest panel to the growing trees has the largest degradation.
show an average of 0.923%/year for degradation rates of the systems. The minimum and maximum values are 0.305 and 1.348%/year respectively.
To study the effect of yearly dynamics of the environment (growing trees making longer shadows over time), the degradation rates of panels in the same position (and with the same orientation) are compared. This comparison shows a higher rate of degradation for the panels that are nearer to the growing trees. Due to this, over time they make longer periods of shadow for the modules. As future work, we would like to do the same analysis for more in field PV systems and study the performance of domestic PV systems for a richer dataset.
